Despite the central role that antibodies play in the adaptive immune system and in biotechnology, much remains unknown about the quantitative relationship between an antibody's amino acid sequence and its antigen binding affinity. Here we describe a new experimental approach, called Tite-Seq, that is capable of measuring binding titration curves and corresponding affinities for thousands of variant antibodies in parallel. The measurement of titration curves eliminates the confounding effects of antibody expression and stability inherent to standard deep mutational scanning assays. We demonstrate Tite-Seq on the CDR1H and CDR3H regions of a well-studied scFv antibody. Our data sheds light on the structural basis for antigen binding affinity, and suggests a dominant role for CDR1H in establishing antibody stability. Tite-Seq fills a large gap in the ability to measure critical aspects of the adaptive immune system, and can be readily used for studying sequence-affinity landscapes in other protein systems.
I. INTRODUCTION
During an infection, the immune system must recognize and neutralize invading pathogens. B-cells contribute to immune defense by expressing receptors, called antibodies, that bind specifically to foreign antigens. The astonishing capability of antibodies to recognize virtually any foreign molecule has also been exploited by scientists for a wide variety of applications, and antibodies now play central roles in a variety of experimental techniques (immunofluorescence, western blots, ChIP-Seq, etc.). Antibody-based therapeutic drugs have also been developed for treating a wide variety of diseases [1] .
Much is known about the qualitative mechanisms of antibody generation and function [2] . The antigenic specificity of antibodies in humans, mice, and most jawed vertebrates is primarily governed by six complementarity determining regions (CDRs), each roughly 10 amino acids long. Three CDRs (denoted CDR1H, CDR2H, and CDR3H) are located on the antibody heavy chain, and three are on the light chain. During B-cell differentiation, these six sequences are randomized through V(D)J recombination, then selected for functionality and for the ability to avoid recognizing host antigens. Upon participation in an immune response, CDR regions can further undergo somatic hypermutation and selection, yielding higher-affinity antibodies for specific antigens.
Many high-throughput techniques for assaying and selecting antibodies are currently available. Many methods, including phage display [3] [4] [5] and yeast display [6, 7] technologies, have been developed for artificially selecting and optimizing antibodies in vitro. More recently, advances in DNA sequencing technology have made it possible to effectively monitor antibody and T-cell receptor diversity within immune repertoires, e.g. in healthy individuals [8] [9] [10] [11] [12] [13] [14] [15] , in specific tissues [16] , in individuals with diseases [17] or following vaccination [18] [19] [20] [21] .
Many questions remain about basic aspects of the quantitative relationship between antibody sequence and antigen binding affinity, such as the extent of polyspecificity [22] , i.e., how many different antibody sequences bind a given antigen with a specified affinity, or the role that epistatic effects play in determining the qualitative geometry of the sequence-affinity landscape. These aspects are important for understanding the effectiveness of somatic hypermutation, and more generally for interpreting repertoire surveys and using them for diagnosis.
In recent years, a variety of "deep mutational scanning" (DMS) assays [23] , have been developed for measuring protein sequence-function relationships in a massively parallel manner. The general format of DMS assays provides a promising approach for measuring the affinity of many protein sequences in a single experiment, and thus gaining insight into the sequence-affinity landscape. None of the methods yet described, however, have succeeded in providing quantitative measurements of binding affinity -i.e., dissociation constant measurements in molar units.
To enable massively parallel measurements of binding affinity for antibodies and other proteins, we have developed an assay called "Tite-Seq." Tite-Seq works by building on the capabilities of Sort-Seq, an experimental strategy that was first developed for studying transcriptional regulatory sequences in bacteria [24] . Sort-Seq combines fluorescence-activated cell sorting (FACS) with high-throughput sequencing to provide massively parallel measurements of cellular fluorescence. In the Tite-Seq assay, Sort-Seq is applied to antibodies displayed on the surface of yeast cells and incubated with antigen at a wide range of concentrations. From the resulting sequence data, thousands of antibody-antigen titration curves and their corresponding dissociation constants (here denoted K D ) can be computed.
By assaying full titration curves, Tite-Seq is able to measure affinities over many orders of magnitude. Moreover, the resulting affinity values are not confounded by variation in protein expression or stability, as is the case with standard DMS assays. In fact, Tite-Seq readily provides separate measurements of protein expression level, which can serve as a proxy measurement of theromostability [25] . Finally, unlike other DMS experiments based on phage-display or ribosome-display techniques, the yeast display platform used by Tite-Seq enables simple low-throughput validation measurements [26] .
We performed Tite-Seq on a protein library derived from a well-studied short chain variable fragment (scFv) antibody specific to fluorescein [6, 27] . Mutations were restricted to the CDR1H and CDR3H regions, which are known to play an important role in the antigen recognition of this scFv [27, 28] and of antibodies in general [29, 30] . The resulting affinity measurements were validated with titration curves for a handful of clones measured using standard flow cytometry.
Our measurements reveal a large and unexpected difference between the effects of mutations in CDR1H and in CDR3H. Comparing the effects of mutations with the known antibody-fluorescein co-crystal structure [31] also identifies a strong relationship between the effect that a position has on affinity and the number of molecular contacts that the residue at that position makes within the antibody.
II. RESULTS

A. Overview of Tite-Seq
Our general strategy is illustrated in Fig. 1 . First, a library of variant antibodies is displayed on the surface of yeast cells (Fig. 1A) . The composition of this library is such that each cell displays a single antibody variant, and each variant is expressed on the surface of multiple cells. Cells are then incubated with the antigen of interest, bound antigen is fluroescently labeled, and fluorescence-activated cell sorting (FACS) is used to sort cells one-by-one into multiple"bins" based on this fluorescent readout ( Fig. 1B) . Deep sequencing is then used to survey the antibody variants present in each bin. Because each variant antibody is sorted multiple times, it will be associated with a histogram of counts spread across one or more bins (Fig. 1C ). The spread in each histogram is due to cell-to-cell variability in antibody expression, and to the inherent noisiness of flow cytometry The library is exposed to antigen (green triangles) at a defined concentration, cell-bound antigen is fluorescently labeled, and FACS is used to sort cells into bins according to measured fluorescence. (C) The antibody variants in each bin are sequenced and the distribution of each variant across bins is computed (histograms; colors correspond to specific variants). A summary statistic (dot), such as mean bin number, is used to quantify the average amount of bound antigen per cell. (D) Antibodyantigen KD values (vertical lines) can be read from titration curves (solid lines) fit to measurements of average cellular fluorescence over a wide range of concentrations (dots). Such curves can be directly measured using flow cytometry, but only in a low-throughput manner. (E) Tite-Seq consists of performing the Sort-Seq experiment in panels A-C at multiple antigen concentrations, then fitting titration curves using the histogram summary statistic (e.g., mean bin number) as a proxy for average cellular fluorescence. This provides a massively parallel way to measure antibody KD values. Tite-Seq results corresponding to the titration curves in panel E were simulated using 3 sorting bins; see Appendix A for simulation details.
measurements. Finally, the histogram corresponding to each antibody variant is used to compute an "average bin number" (Fig. 1C, dots) , which serves as a proxy measurement for the average amount of bound antigen per cell. It has previously been shown that K D values can be accurately measured using yeast-displayed antibodies by taking titration curves, i.e., by measuring the average amount of bound antigen as a function of antigen concentration [7, 26] . The average fluorescence y of labeled cells is expected to be related to antigen concentration via
where A is proportional to the number of functional antibodies displayed on the cell surface, B accounts for background fluorescence, and C is the concentration of free antigen in solution. Fig. 1D illustrates the shape of curves having this form. By using flow cytometry to measure y on clonal populations of yeast at different antigen concentrations C, one can fit curves to Eq. 1 and thereby learn K D . Such measurements, however, can only be performed in a low-throughput manner. Tite-Seq allows thousands of titration curves to be measured in parallel. The Sort-Seq procedure illustrated in Fig. 1A -C is performed at multiple antigen concentrations, and the resulting average bin number for each variant is plotted against concentration. Curves of the form in Eq. 1 are fit to these proxy measurements, and K D values are thereby inferred for each variant.
We emphasize that K D values cannot, in general, be accurately inferred from Sort-Seq experiments performed at a single antigen concentration. Because the relationship between binding and K D is sigmoidal, the amount of bound antigen provides a useful readout of K D only when the concentration of antigen used in the labeling procedure is comparable in magnitude to K D . However, single mutations within a protein binding domain often change K D by multiple orders of magnitude. Sort-Seq experiments used to measure the sequence-affinity landscape must therefore be carried out over a range of concentrations large enough to encompass this variation.
Furthermore, as illustrated in Fig. 1D , different antibody variants often lead to substantially different levels of functional antibody expression on the yeast cell surface. If one performs Sort-Seq at a single antigen concentration, high affinity (low K D ) variants with low expression (blue variant) may bind less antigen than low affinity (high K D ) variants with high expression (orange variant). Only by measuring full titration curves can the effect that sequence has on affinity be deconvolved from sequence-dependent effects on functional protein expression.
B. Proof-of-principle Tite-Seq experiments
To test the feasibility of Tite-Seq, we used a wellcharacterized antibody-antigen system: the 4-4-20 single chain variable fragment (scFv) antibody [6] , which binds the small molecule fluorescein with K D = 0.7 ± 0.3 nM [27] . This system was used in early work to establish the capabilities of yeast display, and a high resolution co-crystal structure of the 4-4-20 antibody bound to fluorescein has been determined [31] ( Fig. 2A ). An ultrahigh-affinity (K D = 270 fM) variant of this scFv, called 4m5.3, has also been found [27] . In what follows, we refer to the 4-4-20 scFv from [6] as WT, and the 4m5.3 variant from [27] as OPT.
The scFv was expressed on the surface of yeast as part of the multi-domain construct described in [6] (Fig. 2B ). Following [27] , we used fluorescein-biotin as the antigen and labeled scFv-bound antigen with streptavidin-RPE (PE). The amount of surface-expressed protein was separately quantified by labeling the C-terminal c-Myc tag using anti-c-Myc primary antibodies and secondary antibodies conjugated to Brilliant Violet 421 (BV). See Appendix B for details on yeast display and labeling.
Two different scFv libraries were assayed ( Fig. 2C ): one with a 10 aa variable region encompassing CDR1H (blue), and one with a 10 aa variable region encompassing CDR3H (red). The composition of each library is summarized in Fig. 2D ; each library contained the WT sequence, all 600 single-codon variants, a sample of 1100 double codons missense variance, and a sample of 150 triple codon variants. See Methods and Appendix C for details on library generation. As a negative control, we used a non-functional scFv referred to here as ∆.
Tite-Seq was carried out as follows. Approximately S2B ). For each variant sequence in each bin, a "weighted average bin" value was computed as described in Appendix E. A K D value was then inferred for each variant DNA sequence by fitting a function of the form in Eq. 1 to these weighted average bin values. In particular, the background term B for each clone was determined from the 0 M fluorescein measurement, as well as from the average of lowest 10% of fluorescent measurements, assumed to correspond to non-functional constructs (see Appendix F for details). After inspecting the resulting titration curves, we judged that K D values could not be confidently called below 10 −9 M and above 10 −5 M.
During each Tite-Seq experiment, we also measured the effects of sequence variation on scFv expression. For each scFv library, we labeled the c-Myc tag of expressed constructs with BV as described above, then sorted and sequenced cells (Figs. S1C,D and Fig. S2A,B ). In what follows, we use E to denote the weighted average bin value for each variant in each library, normalized by the mean of such measurements for WT scFvs in that same library.
C. Low-throughput validation experiments
To judge the accuracy of Tite-Seq, we performed separate titration curve measurements on individual scFv clones. In addition to the WT, OPT, and ∆, we measured three clones from the CDR1H library (named C5, C7, and C39) and three clones from the CDR3H library (C45, C93, C133). Each clone underwent the same labeling procedure as in the Tite-Seq experiment, after which median fluorescence values were measured using standard flow cytometry. K D values were then inferred by fitting titration curves of the form in Eq. 1; B was determined from data taken at 0 M fluorescein and from measurements on ∆. Three replicate titration curves were taken for each clone.
D. Tite-Seq can measure dissociation constants Fig. 3A shows flow cytometry measurements along with fitted curves and K D values for three scFv clones: WT, C5, and C39. Corresponding Tite-Seq data and results shown in Fig. 3B . This figure provides a sense for how precisely titration curves can be measured by each method. Although individual data points can be noisy, fitting curves to multiple data points nevertheless provide reasonably accurate measurements of affinity. The accuracy of these measurements is increased by averaging over replicates. Fig. 4A compares the K D values measured by Tite-Seq to those measured by flow cytometry for WT and the five library clones found to have K D values within the range of detection (10 −9 M to 10 −5 M). For the CDR3H clone C45, which is not plotted, Tite-Seq yielded K D ≥ 10 −5 M whereas flow cytometry gave K D = 10 −5.23±0.39 M. As expected, our three K D measurements for OPT (CDR1H Tite-Seq, CDR3H Tite-Seq, and flow cytometry) were all at or below the detection boundary of 10 −9 M.
Error bars on flow cytometry K D values were computed using the average variance observed in replicate There is a detectable bias, but it is small compared to the 100-fold range of K D values measured. The robustness of Tite-Seq is further illustrated by the consistency of K D values measured for the WT scFv in the two different libraries: K D = 10 −8.20±0.05 M for CDR1H, K D = 10 −8.04±0.21 M for CDR3H. These measurements are also consistent with the flow cytometry measurement of K D = 10 −7.52±0.40 M. We note that the Tite-Seq K D measurements for the WT scFv are about a factor of 10 larger than the previously measured value of K D = 0.7 ± 0.3 nM [27] . This is likely due to differences in buffers: we used a TBS buffer with more salt (700 mM NaCl) than the PBS buffer used by [27] (150 mM NaCl), a difference that is expected to increase K D .
The necessity of performing K D measurements over a wide range of antigen concentrations is illustrated in Fig.  S3 . At each antigen concentration used in our Tite-Seq experiments, the enrichment of scFvs in the high-PE bins correlated poorly with the K D values inferred from full titration curves. Moreover, at each antigen concentration used, a detectable correlation between K D and enrichment was found only for scFvs with K D values close to that concentration. We found that, at saturating concentrations of fluorescein (2 µM), cells expressing the OPT scFv bound twice as much fluorescein as cells expressing the WT scFv. This difference was not due to variation in the total amount of displayed scFv, which one might control for by labeling the c-Myc epitope as in [32] . Rather, this difference in binding reflects a difference in the fraction of displayed scFvs that functioned properly. Yeast display experiments performed at a single antigen concentration cannot distinguish such differences in scFv functionality from differences in scFv affinity.
E. Differing effects of mutations in CDR1H and CDR3H
In both the CDR1H and CDR3H libraries, a large fraction of mutations (41% for CDR1H, 58% for CDR3H) increased K D above our detection limit of 10 −5 M. A much smaller fraction of variants (2.2% for CDR1H, 5.4% for CDR3H) had K D values below our measurement threshold of 10 −9 M. Both of these results suggest that binding affinity is more sensitive to variation in CDR3H than to variation in CDR1H, a finding consistent with the conventional understanding of antibody function [29, 33] . This difference, however, is somewhat modest.
A much more striking difference between CDR1H and CDR3H was observed in how mutations affected expression of scFvs on the yeast cell surface. This difference can be seen in Fig. 4C , which provides a global view of the K D and E values measured by Tite-Seq. This landscape shows that expression is more sensitive to mu- tations in CDR1H than in CDR3H. For instance, both CDR1H and CDR3H showed similar numbers of variants with E > 1.25 (5.8% vs. 5.9%, respectively), but CDR1H showed 65% more variants with E < 0.75 (56% vs. 34%), and three times more variants with E < 0.5 (31% vs. 10%). These differences between CDR1H and CDR3H can also be seen in Fig. 5 , which shows the measured effect of each substitution mutation on affinity and expression. Figs. 5A,B reveal that CDR1H and CDR3H exhibit similar substitution-affinity landscapes. In both regions, the large majority of substitutions increase K D , and mutations that decrease K D tend to cluster at a small number of residue positions (CDR1H positions 28, 31, and 37, and CDR3H positions 104 and 108). Figs. 5C and 5D, which show the substitution-expression landscape, differ more substantially. Specifically, substitutions at positions 31 and 34-37 in CDR1H affect expression, on average, much more than do mutations at any of the CDR3H positions.
To further validate Tite-Seq affinity measurements, we examined positions in the high affinity mutant OPT that differ from WT and that lie within the variable regions tested here. As illustrated in Fig. 5A,B , five of the six OPT-specific mutations are neutral or reduce K D . The remaining mutation, D106E, has previously been shown to require co-mutation with S101A in order to increase affinity [28] .
F. Structural correlates of the sequence-affinity landscape
Next we asked whether the sensitivity of affinity and expression values to the identity of the residue at each variable position could be understood from a structural perspective. To quantify this sensitivity at each position i, we computed two quantities:
Here, K WT D and E WT respectively denote the dissociation constant and expression level measured for the WT scFv, K ia D and E ia denote analogous quantities for the scFv with a single substitution mutation of amino acid a at position i, and · a denotes an average computed over the 19 non-WT amino acids at that position. Fig. 6A shows the WT CDR1H and CDR3H variable regions in complex with fluorescein. Each residue is colored according to the S K and S E values computed for its position. As expected from Figs. 4C and 5C,D, the positions that strongly affect expression are located in CDR1H. To get a better understanding of what aspects of the structure might govern affinity, we plotted S K values against two other quantities: the number of amino acid contacts made by the WT residue within the antibody structure (Fig. 6B) , and the distance between the WT residue and the antigen (Fig. 6C ). We found a strong correlation between S K and the number of contacts, but no significant correlation between S K and distance to antigen. S E did not correlate significantly with either of these variables (see Fig. S5 ).
III. DISCUSSION
We have described a massively parallel assay, called Tite-Seq, for measuring the sequence-affinity landscape of antibodies. Although Tite-Seq was demonstrated here in the context of antibody-antigen binding, this assay can be used to study any receptor-ligand binding system that is compatible with yeast display.
As one application, we found that Tite-Seq measurements can help elucidate the structural basis of protein sequence-function relationships. For the fluoresceinbinding scFv antibody studied here, we observed that the number of contacts that an amino acid has with other residues was highly correlated with how strongly mutations to that amino acid affected antigen-binding affinity. By contrast, we found no significant correlation between the distance of an amino acid from the antigen and the magnitude of mutational effects on affinity. This suggests that protein residues primarily affect binding affinity indirectly, via interactions with other residues, rather than through direct interactions with the antigen.
We also found differing effects between CDR1H and CDR3H. As expected, we found that variation in CDR3H had a (modestly) larger effect on affinity than variation in CDR1H. Somewhat unexpectedly, we also found that variation in CDR1H affects protein expression much more strongly than variation in CDR3H. Surface expression in the yeast display system provides a proxy readout of thermostability. Our observation therefore suggests that CDR1H plays a much larger role than CDR3H in stabilizing antibody structure. Together, these two findings suggest a biochemical rational for why CDR3H is more likely than CDR1H to be mutated in functioning receptors [33], why it acquires mutations earlier than other CDRs [33], and why variation in CDR3H is often sufficient to establish antigen specificity [29] .
The range of affinities measured in our Tite-Seq experiments include a substantial fraction of the physiological range relevant to affinity maturation (∼ 10 −6 M to 10 −10 M) [34] [35] [36] . Experimental details made it difficult for us to measure affinities of < ∼ 10 −9 M, but this limitation might be alleviated with improvements to our labeling protocol. We therefore suggest that future Tite-Seq experiments might be useful for mapping the sequenceaffinity trajectories of antibodies during the affinity maturation process.
Many DMS experiments for measuring protein sequence-affinity relationships have been described in recent years [23] , including methods that combine Sort-Seq with yeast display [32] . Such approaches apply a selection procedure to a library of variant proteins, then use the enrichment of each protein variant as a proxy measurement of the affinity. In particular, Reich et al. [32] recently showed that such measurements can provide approximate values for the relative rank-order of K D values (at least when the variable protein is an unstructured peptide).
Tite-Seq differs fundamentally from prior DMS experiments in that full titration curves, not enrichment statistics, are used to measure binding affinities. The measurement of titration curves provides three major advantages. First, this determines absolute K D values (in units of concentration), not just rank-order values. Second, because ligand binding is a sigmoidal function of affinity, DMS experiments performed at a single ligand concentration will become less sensitive the more receptor K D s differ from ligand concentration. Mutations within a protein's binding domain, however, often change K D by multiple orders of magnitude. Titration curve measurements integrate information over a range of concentrations large enough to measure these effects.
Finally, protein sequence determines not just ligandbinding affinity, but also the amount of surface-displayed protein and the fraction of this protein that is functional. As demonstrated in our experiments, these confounding effects can strongly distort yeast display affinity measurements made at a single antigen concentration. The titration curves measured by Tite-Seq, however, are able to disambiguate these effects. More generally, changing a protein's amino acid sequence can be expected to change multiple biochemical properties of that protein. Our work emphasizes the importance of designing massively parallel assays appropriately in order to disentangle these properties so that measurements of the specific activity of interest can be obtained.
IV. METHODS
Variant CDR3H and CDR1H regions were generated using microarray-synthesized oligos (LC Biosciences, Houston TX. USA). These were inserted into the 4-4-20 scFv of [6] using cassette-replacement restriction cloning as in [24] , thereby yielding > ∼ 10 8 transformants. EYB100 yeast [6] were transformed with scFv-expressing plasmids using standard methods, yielding providing > ∼ 10 5 transformants. Prior to labeling, OPT-and ∆-displaying yeast were spiked into the CDR3H and CDR1H libraries to provide internal positive and negative controls. Further experimental details are provided in Appendices B-D. The used oligos are reported in Appendix G. For Fig. 1 in the main text, we simulated data at nine antigen concentrations (C = 10 −9 M, 10 −8.5 M, . . . , 10 −4 M) for two hypothetical scFvs: one with K D = 3 × 10 −7 M, A = 300, B = 10, and one with K D = 10 −5 M, A = 1000, B = 10. For each clone and at each concentration, fluorescence signals were simulated for 1000 cells by multiplying the y quantity in Eq. 1 by a factor of exp(η) where η is a normally distributed random number. Fig.  1D shows the resulting flow cytometry measurements, computed by taking the median of these simulated fluorescence signals. Curves of the form Eq. 1 were fit to these data by minimizing the square deviation between predicted log 10 y values and log 10 flow cytometry measurements. Fig. 1E shows Tite-Seq measurements simulated by sorting these 1000 cells into three bins defined by the following fluorescence boundaries: (0, 30) for bin 0, (30, 300) for bin 1, and (300, ∞) for bin 2. The mean bin number was then computed for each clone at each concentration, and curves of the form log 10 y were fit to mean bin values using least squares optimization. To ensure consistency in yeast display population sizes, we pre-aliquoted yeast cells with consistent densities. For clones, we picked colonies and grew them in sc -trp 2% glucose liquid media. For libraries, we resuspended 1 ml·OD from our −80 • C library stocks into sc -trp 2% glucose liquid media to ensure library diversity. We grew liquid cultures until their OD600 absorption measured between 0.9 and 1.1. We then stored yeast aliquots with 10% glycerol at −80 • C. For clones, aliquots were meted out in 0.2 ml·OD aliquots. For libraries, aliquots were meted out in 1.5 ml· OD aliquots.
Yeast display induction and labeling
We added cell aliquots stored at −80 • C to SC -trp + 2% glucose media until the OD600 equaled 0.05. We kept clonal populations above 0.2 ml·OD, and library populations above 3 ml·OD. After 8 hours, we added 25% volume of YPD, centrifuged the cells at 3000 rpm for 8 minutes, aspirated the media, and resuspended cells at 0.05 OD600 SC -trp +2% galctose media. scFv production was induced in galactose for approximately 16 hours at 22 • C. We then added 25% volume YPD, and spun down the cells at 3000 rpm for 8. Cells were washed with 100 µl of ice cold TBS-BSA. TBS-BSA is made from 1 ml 100 mg/ml BSA added to 9 ml TBS (473 ml of water, 25 ml of 1 M Tris, 2.92 g of NaCl adjusted to pH 8 with NaOH). Cells were then centrifuged, and resuspended in labeling solution containing 0 M or 10 −8.5 − 10 −4 M biotinylated fluorescein, or 1.4 µg/ml c-Myc rabbit antibody, per 0.2 ml·OD of cells. Fluorescein volumes were kept at high enough levels to ensure ten times as many fluorescein molecules as scFv molecules, assuming 100,000 scFv per cell. Cells were shaken at 700 rpm for 1 hour at room temperature during labeling. Cells were then centrifuged, and the supernatant was drained. Cells were then twice washed with 1.5 ml ice cold TBS-BSA. Cells were centrifuged at 3,000 rpm for 8 minutes and the supernatant was aspirated. The cells were then suspended in 112.5 µl/(ml·OD cells) of a secondary labeling solution having 4 µg/ml streptavidin R-PE or 0.8 µg/ml BV421 antirabbit donkey antibody. Secondary labeling occurred for 30 minutes at 4C at 300 rpm. Cells were then centrifuged at 3,000 rpm for 8 minutes, resuspended in ice cold TBS, and prepared for FACS or flow cytometry analysis.
Flow cytometry and FACS gating strategies
We measured titration curves by either flow cytometry or FACS sorting for Tite-Seq using similar gating strategies. For flow cytometry, cells were first filtered by their forward scatter channels (fsc) and side scatter channels (ssc). scFv expression was then measured by average BV421 channel values corresponding to c-Myc epitopes on cell surfaces, excluding extreme values. For K D measurements, we further gated cells by their fluorescein and PE signals. We removed cells with high fluorescein fluorescence, since fluorescein's fluorescence signal is quenched by antibody binding, meaning that non-quenched signal indicates non-specific fluores-cein binding. Concurrently, we also removed extreme PE values. We then measured titration curves from average PE channel values, corresponding to fluorescein bound to scFv antibodies. For Tite-Seq, we first filtered cells by fsc and ssc channels. For expression measurements, we sorted cells into one of four gates along the BV421 channel. For Tite-Seq titration curves, we furthered filtered cells by their fluorescein and PE signals. Cells were then sorted into one of four gates by their PE signal values.
Appendix C: Generation of scFv libraries
We obtained custom microarray oligonucleotides from LC Sciences to generate a library of mutant CDR1H (µ1H) and CDR3H (µ3H) domains. We created separate libraries for the CDR 1H and 3H regions by performing PCR on these oligonucleotide libraries. CDR3H mutants in the LC sciences microarray library were amplified by PCR using oRAL10 and oRAR10 primers to create µ3H sequences. CDR1 library sequences (µ1H) were created by amplifying the LC Sciences microarray library by PCR using oRAL11 and oRAR11 primers.
Non-mutated single CDR regions were created by performing PCR on the pJK36 plasmid ( Fig. S6A) with 1H 2F and 1H 1R primers to create the 1H primer, and 3H 2R and 3H 1F primers to create the 3H primer. By mixing non-mutated (1H or 3H) primers with library primers (µ1H or µ3H) and performing PCR on the pJK36 plasmid we created 360 bp long mutagenized scFv insertion sequences, iRA10, with one or both CDR regions mutated. The iRA10 sequence with added Bsal cut sites were made into iRA11 sequences libraries by performing PCR with oRA10 and oRA11 primers. The iRA11 sequences have complementary sticky DNA to the plasmid backbone pRA10 (Fig. S7A ) easing the integration of the sequence into the plasmid.
Having created library sequences, iRA11, that have sticky single stranded DNA at their ends after BsaI digest, we created a target plasmid for the iRA11 library sequences. The target plasmid pRA10 (Fig. S7A ) was designed to have the same features as the pJK36 plasmid, where the CDR1H and 3H scFv domains were replaced with a cassette containing the toxic ccdB gene the chloramphenicol marker, and surrounded by BsmBI digest sites. pRA10, was created from Gibson cloning iRA12, iRA13, and iRA14 sequences together. iRA12 contained the BsmBI digest sites, ccdB toxic gene, and chloramphinicol drug resistance markers. iRA12 was created by PCR from pJK14 (Fig. S6B ) from [24] , which contains the ccdB cassette, with oRA12 and oRA13. iRA13 was created by performing PCR on pJK36 with oRA15 and oRA16 (Fig. S6A ). iRA14 was created by performing PCR on pJK36 with oRA14 with oRA17 ( Fig. S6A) . We transformed DB3.1 E. coli, which are ccdB resistant, with the assembled pRA10 plasmid (Fig. S7A) , grew them in ampicillin and chloramphinicol, and then extracted the pRA10 plasmids from E. coli using the Qiagen plasmid mini-prep kit.
To introduce our mutagenized CDR1H and/or CDR3H sequences back into an scFv expressing plasmid, we replaced the ccdB gene in pRA10 with the iRA11 insertions containing our library mutations. To do this we digested both the iRA11 library sequences and the pRA10 plasmid to create sticky DNA sequences that could be easily ligated together (Fig. S7 B) . We digested the pRA10 backbone with BsmBI and iRA11 with BsaI. Digesting pRA10 with BsmBI had the additional effect of excising the ccdB and chloramphenicol resistance genes from the plasmid. The BsmBI and BsaI digests were purified using Qiagen's QIAquick PCR purification kit and mixed together at molar ratios of 1:2.5, respectively. The BsmBI and BsaI digest mixtures were ligated with T4 DNA ligase and then dialyzed to remove salts. Electrocompetant DH10B E. coli were electroporated with 50 µl of ligated DNA. E. coli were grown for 1 hour in SOB media, then ampicillin was added and E. coli were grown overnight. Because ccdB is toxic to DH10B cells, only plasmids that were successfully cut and reliagated were able to grow. We used Qiagen's plasmid mini-prep kit to extract amplified pRA11 libraries. We then chemically transformed EBY100 S. cerevisiae cells for each of the pRA11 libraries (Fig. S7B ). Finally, we induced scFv expression in the transformed S. cerevisiae libraries. We FACS filtered cells which displayed both HA and c-Myc domains in roughly equal amounts to eliminate S. cerevisiae with indels in the scFv domain of their plasmids. From this filtered library we isolated and sequenced 144 clones. We then chose 6 clones to confirm Tite-Seq measurements.
Appendix D: Tite-Seq implementation
Each library was spiked with 0.625% pJK37 and ∆ controls and then subjected to 12 FACS rounds. The first FACS separated cells based on receptor expression approximately evenly into different bins based on average c-Myc labeling. The other 11 FACS separated cells were grown in different fluorescein concentrations approximately evenly based on the amount of bound fluorescein. The affinity FACS gates were drawn to have roughly log-linear mean values. Cells were sorted into 1 ml 2X YPAD media contained in a rounded 5 ml polypropylene tube. Cells were regrown overnight in sc -trp 2% glucose. 25 ml·OD of cell populations were spun down and resuspended in 200 µl 0.5 mm glass beads, 200 µl of Phenol/chloroform/isoamyl alcohol and 200 µl of yeast lysis buffer (982 ml water, 10 ml 1 M NaCl, 2 ml Triton X-100, 1 ml 1 M Tris pH 8.0, 0.1 ml 1 M EDTA, 5 ml 20%SDS). The cell/phenol/glass bead/yeast lysis mixture was vortexed for 30 minutes. 200 µl water was added. We then spun the tubes down five times, removing the aqueous layer and adding different media between each centrifugation of cells in the following order: 2 x 200 µl of Phenol/chloroform/isoamyl alcohol, 2 x 200 µl of chloroform/isoamyl alcohol, 1 ml ice cold 100% EtOH. We then spun the tubes down, aspirated the EtOH, and added 250 µl 70% ice cold EtOH. We again spun the tubes down, aspirated the EtOH, and resuspended purified DNA in 100 µl of IDTE.
We then performed PCR on our phenol purified DNA with bar coded primers L2AF XX and L2AF XX (Fig. S7B ). Here the XX refers to 1 of 48 possible barcode combinations (see section 4 of Appendix G). We used variable length, 7-10 bp, bar-codes to increase sequence variability during DNA sequencing. We then pooled these sequences and performed a second round of PCR with Illumina adapter primers PE1v3ext and PE2v3. PCR products from the single library CDR1H and CDR3H FACS + 2.5% molarity random PhiX DNA submitted separately for Illumina Hi-Seq analysis.
We assigned sequence origins according to the 7-10 bp barcodes. Correspondingly to the barcode length we used the 8-11th to 14th bp to confirm the orientation of the sequence (i.e. containing CDR1H or CDR3H region). We categorized each read solely as a function of its CDR1H and CDR3H region. We excluded sequences that we did not design, and those with mismatching bar-codes.
Appendix E: Signal reconstruction from sequence data
Here we describe how to reconstruct the fluorescence signal of a large number of variants from sequence data following FACS sorting.
After processing, the data can be summarized by the number of times a given scFv variant s i was matched to a sequence read in a given FACS bin j = 0, . . . , 3. We call this number M j (s i ). Each sequence s i was assigned a probability distribution p j (s i ) over bin index j, represented by histograms in Fig. 1D , and defined as
During PCR, sequence counts differed from the number of cells sorted. To correct for this we scaled the number of sequences by k j to match the number of sorted cells. The k j scaling factor is the ratio of the number of cells sorted into a bin, N j , to the total number of reads from that bin,
.
(E2)
The fluorescence of each sequence (represented by circles in Fig. 1C ) was then estimated as
where w j is the estimated mean fluorescence in bin j, taken to be ∝ V j , where V is the fold difference between the upper and lower fluorescence bounds deliminting each bin. This method of averaging was used instead of the median or the geometric mean, because the fluorescence was typically bimodal and these alternatives would have given too much weight to the lowest peak of nonfluorescent cells. This procedure was applied to the FACS-sorted sequence data sorted using antigen labeling, for each concentration C = 0 M, 10 −8.5 M, 10 −8 M, . . ., 10 −4 M of the antigen. The reconstructed Tite-Seq signal, calculated using Eq. E3 for each C, is denoted by y Tite-Seq (s i , C). We applied the same procedure to the data sorted using scFv labeling, yielding the expression signal E Tite-Seq (s i ).
To estimate the error made on the Tite-Seq measurement F (s i ), we used variations across synonymous mutants. We grouped the sequences s i into groups of equal size, ranked according to their read count, M (s i ) = j M j (s i ), and indexed each group by the their mean read count M . In each group, we calculated the mean square difference σ 2 emp (M ) = (F (s i ) −F (a i )) 2 M , where the average · M was taken over all sequences in the group indexed by M , andF (a i ) is the average signal over synonymous mutants with the same amino-acid sequence a i . Because σ emp (M ) was still a noisy function of M , we approximated it by a power law,
where α and β were fitted using mean square error minimization in logarithmic space. In the case of antigenlabeled data, we pulled data from all antigen concentration C together to obtain the empirical error σ emp (M ).
Appendix F: Inferring KD from titration curves
The antigen fluorescence was assumed to follow a noncooperative Hill function:
where y(s i , C) is the antigen fluorescence, C is the antigen concentration, B(C) is the background autofluorescence, A a scaling factor, and K D (s i ) the dissociation constant of scFv s i . The fluorescence y(s i , C) can be estimated directly from the mean of flow cytometry fluorescence data in a single clone, or using y Tite-Seq (s i , C) in the Tite-Seq experiment as explained above.
The autofluorescence was estimated as B(C) = y 0 (C) − y 0 (0) + y(s i , 0), where y 0 (C) is the fluorescence of clones with no affinity for the antigen, at concentration C. Note it may depend on C because of non-specific binding. For flow-cytometry measurements, we measured y 0 directly as the mean fluorescence of a strain expressing a non-productive antibody. For Tite-Seq measurements, we estimated it as the average of the lowest 10% of y Tite-Seq (s i , C) of all sequences in the library, reasoning that these 10% are nonfunctional variants. The sequencedependent offset y(s i , 0) − y 0 (0) was added to enforce y(s i , 0) = B(0).
The dissociation constant was inferred by minimizing the following objective function with respect to K D and C for each sequence s i :
(F2) where the sum on C runs over values of the fluorescein concentrations used in the experiments. We set σ(s i , C) = 1 in the case of flow cytometry measurements, and to σ(s i , C) = σ model (M (s i , C)) in the case of Tite-Seq measurements, where σ model (M ) is given by Eq. E4, and M (s i , C) is the read count of sequence s i at antigen concentration C.
The parameters were found by scanning combinations of K D ∈ [10 −10 M, 10 −3 M ], and A ∈ [A 0 , 10A 0 ] for Tite-Seq or A ∈ [A 0 , 100A 0 ], where A 0 was set to enforce posi-tive values of A. Tite-Seq fits generally had lower ranges of fluorescence than flow cytometry measurements due to the binning process, justifying the different ranges of Tite-Seq fits. Some antigen concentrations were not used in the fit because of abnormal fluorescence distributions. These were C = 10 −8.5 M and C = 10 −4 M for Tite-Seq, and C = 10 −8.5 M, C = 10 −4.5 M and C = 10 −4 M for flow-cytometry measurements.
To estimate the error on K D , we used a similar procedure to the one explained in the previous section for F . We grouped sequences into bins according to their total read counts over all fluorescein concentrations and FACS bins, M T (s i ) = C j M j (s i , C), and calculated the error as σ 2
is the average K D over synonymous mutants with amino-acid sequence a i . Since this function was noisy, we fitted it to a power-law analogously to Eq. E4. The signal-to-noise ratio was then calculated as Var(K D (s i ))/σ 2 K D (M T ), where the variance was taken over all variants in the library. To assess how well simple enrichment calculations might reproduce the KD values measured by Tite-Seq, we did the following calculation. For each of the two libraries (CDR1H and CDR3H), we partitioned scFvs into seven groups based on their measured KDs (columns). For each group at each antigen concentration (rows), we then computed the enrichment of each scFv in the high PE bins (bins 2,3) relative to the low PE bins (bins 0,1). In these enrichment calculations, the number of counts in each bin was re-weighted to accurately reflect the fraction of library cells falling within the fluorescence range of that bin. This figure shows the resulting Spearman rank correlation (ρ) between enrichment and log KD values computed for each scFv group at each antigen concentration. In both libraries, we see that correlation values above background (which can be assessed from the values in the 0 M fluorescein row) only occur close to the diagonal, i.e., when KD is close to the fluorescein concentration used. Even then, the maximum correlation value (ρmax) observed for each library remains below 0.5, indicating the general inability to determine KD from enrichment statistics. Regression lines (fixed to have slope 1) were fit to data points with BV signal between 10 4.5 and 10 5 . The vertical shift of the OPT data relative to the WT data indicates a factor of 2.03 ± 0.07 difference (computed from four replicate experiments) in the amount labeled antigen. This difference is not due to a difference in the number of surfacedisplayed scFvs, as this would cause the OPT and WT clouds to lie along the same diagonal. Rather, this difference between WT and OPT is due to variation in the fraction of surfacedisplayed scFvs that are functional. We performed PCR on pJK36 using a microarray library of oligonucleotides to generate iRA10 libraries of CDR1, 3H variants. We performed PCR on pJK36 to generate the iRA13 and iRA14 sequences. (B) We performed PCR on pJK14 to generate the iRA12 insertion sequence. Cloning fragments excluding extension sequences are shown in orange, primer binding sites in purple, genes in green, non-coding elements in red, and scFv domains in blue. Plasmid pJK36 is identical to plasmid pCT302 from, and plasmid pJK37 is identical to plasmid pCT-4M5.3; both of these were reported in [27] and were kindly provided by Dane Wittrup. The pJK14 plasmid was reported in [24] . We digested the pRA10 backbone with BsmBI and then ligated the fragment with BsaI digested iRA11 fragments to create (B) pRA11 plasmid libraries with mutated CDR1H or 3H domains. Cloning fragments excluding extension sequences are shown in orange, primer binding sites in purple, genes in green, non-coding elements in red, plasmid digest in brown, and scFv domains in blue.
